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Implications and Future Work
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» Better depolarization ratio means better particle typing
» More accurate layer structure at greater resolution
» Better extinction retrievals, better climate science
» Software vs engineering solution
- Same data quality for less expensive instrument
- Simply better data with any given instrument
» Applications to several spaceborne lidar datasets
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NO more smearing

CATS Level 2 products averaged to 5 km and 60 km to

retrieve aerosol extinction during daytime [Yorks et al 2020]. Tiny
scale, large signal, low altitude water clouds get smeared with PBL
aerosol. This denoising techniques offers an elegant solution.

CATS 1064 nm raw data
N=5,1.8 km
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background-subtracted counts

PBL water clouds and aerosol
together at high res!
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background-subtracted counts

N=168, 60 km

Smeared mess.

background-subtracted counts
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Next steps

> Work to train an even better model

- Training set more than double the size has been generated
- Many training optimization techniques yet to be tested

» More robust performance assessments

» Figure out molecular signal limitation and calibration

» Implement in processing and assess effects on data
products
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